Abstract Central America has high biodiversity, it harbors high-value ecosystems and it's important to provide regional climate change information to assist in adaptation and mitigation work in the region. Here we study climate change projections for Central America and Mexico using a regional climate model. The model evaluation shows its success in simulating spatial and temporal variability of temperature and precipitation and also in capturing regional climate features such as the bimodal annual cycle of precipitation and the Caribbean low-level jet. A variety of climate regimes within the model domain are also better identified in the regional model simulation due to improved resolution of topographic features. Although, the model suffers from large precipitation biases, it shows improvements over the coarse-resolution driving model in simulating precipitation amounts. The model shows a dry bias in the wet season and a wet bias in the dry season suggesting that it's unable to capture the full range of precipitation variability. Projected warming under the A2 scenario is higher in the wet season than that in the dry season with the Yucatan Peninsula experiencing highest warming. A large reduction in precipitation in the wet season is projected for the region, whereas parts of Central America that receive a considerable amount of moisture in the form of orographic precipitation show significant decreases in precipitation in the dry season. Projected climatic changes can have detrimental impacts on biodiversity as they are spatially similar, but far greater in magnitude, than those observed during the El Niño events in recent decades that adversely affected species in the region.
Introduction
The Mexican and Central American landmass has considerable topographic relief, which implies the existence of large gradients in many critical climate variables such as temperature, precipitation, humidity, and wind. The interactions between the complex topography of Central America (CAM) and the climate patterns determined by the neighboring oceans give rise to numerous climate and ecological zones, horizontally and vertically. These steep climatic gradients found on the mountain slopes have resulted in remarkable biodiversity in the region. The CAM region has been declared a biodiversity hotspot based on the existence of a large number of endemic species in the area and an exceptional loss of habitat in recent years (Myers et al. 2000) . Spanning most of Central America, the biodiversity hotspot is home to lowland dry and montane/ cloud forests that host all subtropical and tropical ecosystems from central Mexico to the Panama Canal. Mountain ecosystems and species, where climate zonation is constrained by topography, are particularly susceptible to changing climate (Gasner et al. 2010; Parmesan 2006; Walther et al. 2002) . Although ecosystems have adapted to changing conditions in the past, current environmental changes are occurring at a much faster rate, and pose a serious threat to biodiversity.
One of the most pressing issues in conservation biology is the observed global decline in amphibian populations (Stuart et al. 2004) , which are particularly striking in Central and South America. One of the other important factors affecting biodiversity negatively is widespread deforestation that Central America has experienced in recent decades, especially in 1960s. The region originally had extensive forests, mainly species-rich rain forests but also rich dry forests; has only about one-third of them remain (Myers and Tucker 1987) . In addition to these and other long-recognized threats-habitat loss from overexploitation, and exotic species introductions-amphibians in all biogeographic regions face several new threats, including climate change (Collins and Storfer 2003) . The amphibian population declines in Costa Rica are thought to be driven by factors affected by climate (Pounds et al. 2006; Whitfield et al. 2007 ). Pounds et al. (1999) demonstrated that the dry-season mist frequency, an important factor responsible for supplying moisture to ecosystems in Costa Rica, is negatively correlated to SSTs in the equatorial Pacific and has decreased since the mid-1970s leading to dramatic decline in species populations and the extinction of the golden toad. A century-long record of hydroclimatology of Monteverde forest region reconstructed using high-resolution stable oxygen measurements from trees reveals that although there is no evidence of a warming trend, the extinction of the golden toad appears to have coincided with an exceptionally dry interval caused by the 1986-1987 El Niño event (Anchukaitis and Evans 2010) . Pounds et al. (2006) argued that the extinction of the golden toad was due to the chytrid fungus that thrived as a result of changes in climate. The available data, however, simply do not support the hypothesis that climate change alone has driven the spread of pathogens, as Lips et al. (2008) show in the case of South America. Nonetheless, changes in the populations of birds and lizards occurred simultaneously and are all associated statistically with the same climatic patterns, implying a broad response to regional climate change (Pounds et al. 1999) .
One of the conservation tactics for protecting biological diversity is the idea of biological corridors. The Mesoamerican Biological Corridor (Miller et al. 2001 ) stretches from Mexico through most of Central America providing an isolated habitat patch for the movement of species. It was started in 1998 to keep 106 critically endangered species from going extinct. But, the design and implementation of biological reserves and corridors critically depend on our understanding of the future climate change. Changes in the magnitude and the seasonal cycle of temperature, precipitation, humidity levels will affect ecosystem dynamics. In addition, changes in water availability or more importantly the shortage of water in the future could have negative impacts on hydropower generation and also on agricultural activities in the region. In many countries in Central America, hydropower is one of the important sources of energy. For example, hydropower contribution to the total energy production is significant in Costa Rica (90%), Panama (60%), and Guatemala (35%). Therefore, a climate change study at spatial scales appropriate to address these problems is of paramount importance.
IPCC projections for Central America
Regional climate change projections for Central America and Mexico are summarized in the fourth assessment report (AR4) of the Intergovernmental Panel on Climate Change (Solomon et al. 2008, IPCC) . Regional projections were obtained from the compilation of general circulation model (GCM) simulations (known as the multi-model data set; MMD) by dividing the world into a number regions as defined in Giorgi and Francisco (2000) . One of these regions is Central America and Mexico spanning latitudes from 10°to 30°N and longitudes from 83°to 116°W. The warming in Central America as simulated by the MMD under the SRES A1B scenario is greater than the global average warming in both boreal summer (JJA) and winter (DJF) seasons. The annual mean warming between 1980 to 1999 and 2080 to 2099 varies in the CAM region from 1.8°t o 5.0°C (Christensen et al. 2007) , with half of the models within 2.6°-3.6°C and a median of 3.2°C. For Central America, 19 (out of 21) GCMs agree on the direction of change in precipitation, predicting a decrease in precipitation under the A1B scenario. The full range of IPCC projections for the area range from -48 to 9% change in mean precipitation with half the models between -16 to -5% (Christensen et al. 2007 ). An increase in summer precipitation is projected in some parts of northeastern Mexico and the ITCZ region in the eastern Pacific. Giorgi (2006) developed a Regional Climate Change Index (RCCI) based on projected changes in the mean and variability of regional temperature and precipitation relative to their global values for 26 land regions of the world. This comparative index demonstrated that CAM is a climate change hot-spot, particularly due to a reduction in precipitation and increase in precipitation variability in the future scenarios. No other region in the tropics showed changes as large as Central America.
The horizontal resolution of the atmospheric components of the fully-coupled GCMs in the multi-model data set (MMD) ranges from 125 to 400 km with most models with resolutions over 250 km. Studies focusing on CAM have either used station observations or GCM simulations A. V. Karmalkar et al.: Climate change in Central America and Mexico (Rauscher et al. 2008; Small et al. 2007; Still et al. 1999) , none of which have sufficient spatial resolution or station density to study regional/local-scale climate impacts in this topographically complex region. In fact, none of these models adequately resolve the narrow mountains of the Americas to be able to capture different climate regimes and climate variability in CAM. Rauscher et al. (2008) showed that only about half the models in the AR4 MMD simulated the spatial pattern and bimodal nature of precipitation of the MSD. One of the factors contributing to the bimodal nature of summer precipitation is locally intense convective activity (Magaña and Caetano 2005; Gamble and Curtis 2008) in the region, which coarse-resolution GCMs fail to capture. This highlights the pressing need to study climate change at a regional scale so that the regional implications of these changes on mountain biosphere reserves in Central America can be examined.
Simulations of global climates can be dynamically downscaled with the help of regional climate models (RCMs) to achieve high-resolution climate information. In the Americas, many regional climate modeling studies have focused on western North America (e.g. Mearns et al. 2009 ) and the Andes in South America (e.g. Urrutia and Vuille 2009; Seth et al. 2007) . Regional climate models have been used to study the RCM's ability to reproduce modern-day climate of Central America (Hernandez et al. 2006) and to understand ocean-atmospheric dynamics of the tropical Americas (Tourigny and Jones 2009a, b) . None of these studies, however, investigate regional climate change projections for the region. Here we study climate change in Mexico and Central America with the help of a dynamical downscaling technique using the UK Hadley Centre regional climate model (called PRECIS) described in the following section.
Data and methods

Regional climate model: PRECIS
The PRECIS (Providing REgional Climates for Impacts Studies) RCM is an atmosphere and land surface model of limited area and high resolution . It is derived from the third generation Hadley Centre Regional Climate Model (HadRM3), which is based on the atmospheric component (HadAM3) of the Hadley Centre coupled Atmosphere-Ocean GCM AOGCM), HadCM3 (Gordon et al. 2000) . PRECIS can be applied over any area of the globe and was developed with the intention of supplying it to countries for vulnerability and adaptation studies. PRECIS can only be used in a set configuration as described in the model handbook ) and the technical manual ). The lateral boundary conditions are provided by the Hadley Centre's global atmospheric-only model HadAM3P, which has horizontal resolution of 3.75°longitude (*400 km) and 2.5°latitude (*300 km). These data include surface pressure, zonal and meridional wind components, potential temperature, and water vapor. The lateral boundary conditions provide dynamical atmospheric information at the latitudinal and longitudinal edges of the model domain whereas the surface boundary conditions are only required over water, where the model needs time series of sea surface temperature.
PRECIS employs a regular latitude-longitude grid in the horizontal and hybrid vertical coordinates and also has a complete representation of the Coriolis force. The model has 19 vertical levels, the lowest at *50 m and the highest at 50 mb with terrain-following r-coordinates (r = pressure/surface pressure) used for the bottom four levels, purely pressure coordinates for the top three levels and a combination in between. The land surface scheme employed is called MOSES (Met Office Surface Exchange Scheme) and is described in detail in Cox et al. (1999) . The PRECIS RCM and the GCM employ identical representations of both the grid-scale dynamics and physics. The Hadley Centre uses a relaxation technique to drive the regional model where the values in the RCM are relaxed towards values interpolated in time from data saved every six hours from a GCM integration. Therefore, the regional model does not significantly deviate from the large-scale mean climate of the GCM, but produces high resolution climate information projections for a region consistent with the large-scale projections from the GCM.
Experimental setup
The model domain covers Central America, Mexico and a part of the surrounding oceans as shown in Fig. 1 . The area between the outer and inner rectangles is a buffer zone of eight grid cells that is used to relax RCM values to the GCM integration and is omitted from the analysis. The effective grid size (excluding the buffer zone) is 120 9 163. The area of interest, Central American landmass, is well away from the lateral buffer zone, which prevents noise from the boundary conditions contaminating the response. Two sets of experiments were performed at the horizontal resolution of 0.22°9 0.22°(*25 km): (1) Baseline run , which simulates modern-day climate against which any future climate change may be measured. (2) IPCC Scenario SRES A2 run (2070-2100) for climate change projections. The future level of global greenhouse gas emissions for this scenario are among the highest of the IPCC scenarios with atmospheric carbon dioxide concentration reaching 850 ppm by 2100 (Nakicenovic et al. 2000) .
A. V. Karmalkar et al.: Climate change in Central America and Mexico Boundary data are provided by one of three 30 year integrations of HadAM3P GCM. For the baseline run, PRECIS uses the observed SSTs (HadISST) data on a 1°g rid as surface boundary conditions and the observed evolution of greenhouse gas (GHG) concentrations is used to provide relevant information on the atmospheric component. For SRES A2 scenario runs (climates of 2070 to 2100), changes in SSTs and sea-ice derived from a coupled GCM (HadCM3) simulation are added to the observed value to give the lower boundary forcing for the atmospheric GCM and RCM simulations. The evolution of GHG concentrations is calculated off-line from the SRES emissions scenario data.
In the PRECIS RCM, the land surface model takes a complete seasonal cycle to come into equilibrium with the atmospheric forcing. Therefore, all the simulations are run for 31 years with a 30 year simulation available for analysis following a 1 year spin-up. Furthermore, three 30 year integrations of HadAM3P GCM are available to drive the RCM, but the results presented here are based on two members of the ensemble.
Comparison data sets
The model baseline climate was validated against a number of data sets of temperature and precipitation available for the period. The comparison data sets included: (1) station data from the Global Historical Climatology Network (GHCN; Peterson and Vose 1997) (2) observed temperature and precipitation data gridded at 0.5°9 0.5°resolution from the Climate Research Unit (CRU; New et al. 1999; Mitchell and Jones 2005 ) (3) North American Regional Reanalysis (NARR) data at 0.29°9 0.22°(lat-long) resolution, which is available from 1979 to present (Mesinger et al. 2006 ) (4) Observed precipitation data gridded at 0.5°9 0.5°resolution from the Global Precipitation Climatology Centre (GPCC; , and (5) CPC Merged Analysis of Precipitation data gridded at 1°9 1°resolution (CMAP; Xie and Arkin 1997) .
Model validation
The simulation of the modern-day climate must be validated against observations at a variety of temporal and spatial scales in order to gain confidence in the model's future projections. Most IPCC models (AR4 database of GCMs) have a cold bias of 0°-3°C over Central America (CAM). For the CAM region, the multi-model scatter in precipitation in the IPCC models is substantial, but half of the models lie in the range of -15 to 25% of the observed annual mean. The largest biases occur during the boreal winter and spring seasons, when precipitation is low. Precipitation is underestimated in Central America in most GCMs due to insufficient spatial resolution (Rauscher et al. 2008 ) and underestimation of SSTs in the Gulf of Mexico and the Caribbean Sea (Dai 2006) . The RCM was verified by testing its skill in simulating mean surface air temperature (at 1.5 m; SAT) and precipitation (PRCP) and their variability at annual and interannual time-scales.
Surface air temperature validation
A comparison of the RCM mean annual surface air temperature with the CRU and NARR data sets is shown in Fig. 2 . Clearly, the similarity between spatial patterns of SATs in the RCM (Fig. 2a,c ) and the comparison data sets (Fig. 2b,d ) confirms model's ability to simulate temperature in this topographically complex region. Note that the NARR data is available from 1979 to present and the comparison is limited to the last 11 years (1980) (1981) (1982) (1983) (1984) (1985) (1986) (1987) (1988) (1989) (1990) of the baseline simulation (Fig. 2c,d ). To quantify model biases, the RCM and NARR data are re-gridded to 0.5°9 0.5°to match the CRU grid illustrated in Fig. 2b . Nonetheless, considerable differences in grid-point elevations between the re-gridded RCM and CRU/NARR data sets remain, which hinder the comparisons. Therefore, only grid points with elevation differences within 100 m (i.e., 772 out of 1,005 grid-points at CRU resolution) are considered in quantifying model biases. In general, the model shows a cold bias (mean bias = -0.45°C) when compared with the CRU data ( Fig. 2e) warm bias when compared to the NARR data (Fig. 2f ). The differences between CRU and the RCM range from 3.1°to -4.3°C for individual grid-points. The cold SAT bias with respect to the CRU data may be partially due to lack of high-elevation station observations in the CRU analysis (Mitchell and Jones 2005) leading to underrepresentation of lower temperatures in the higher elevation regions, which results in a systematic overestimation of the air temperatures (Kim and Lee 2003) . The spatial pattern of the regional model SAT bias relative to the CRU data (RCM.BL-CRU) suggests that the bias may depend on grid-point elevation. The elevation dependency of the SAT bias is tested by dividing model grid-points into 100 m bins and by calculating model bias for each of these bins. Figure 3 demonstrates that the model SAT bias with respect to CRU increases with elevation. The model is colder than the CRU data by about 1°C for elevations greater than 500 m and the bias is as large as -2°C for a number of grid-points with elevation over 2,000 m. A similar analysis of the model bias relative to the NARR SATs shows that the RCM is warmer than NARR at most elevations except for those over 2,500 m and that the model bias does not seem to depend on elevation. In fact, a perfect agreement between the RCM and (Hijmans et al. 2005) , which is based on station data and is available as a mean of 1950-2000 SATs at 30 arc-seconds (*1 km) resolution. Lapse rates for the all the data sets are tabulated in Table 1 . The GHCN lapse rate is believed to be most accurate since it is based on direct station observations. The lapse rate for the WorldClim data, based on a 50 year mean of station observations in the region, also matches very well with that calculated for GHCN. The GHCN lapse rate is steeper than that for the CRU data but not as steep as that determined from the model SAT. This suggests that at higher elevations CRU is warmer than the observed SATs and that the RCM indeed has a cold bias, though likely not as pronounced as suggested by the CRU-RCM comparison. An increased cold bias at higher elevations in PRECIS has also been detected in a modeling study over the Andes (Urrutia and Vuille 2009 ) and over the Hindukush-Himalayan region (Akhtar et al. 2008) . Nevertheless, considering uncertainties in the comparison data sets, it can be concluded that the RCM biases compared to the CRU and NARR are modest.
Precipitation validation
The comparison data sets used for precipitation validation include gridded precipitation products from Global Precipitation Climatology Centre (GPCC; and the CPC Merged Analysis of Precipitation (CMAP; Xie and Arkin 1997). The GPCC database is an integration of several precipitation data sets including the CRU and GHCN data, which makes the GPCC data more reliable. The climate of Central America exhibits most of its variability in precipitation and the success of the model depends on how well it simulates large spatial PRCP variations and the seasonality of PRCP. The observed and simulated annual cycles of precipitation (area-and time-averaged) are shown in Fig. 4 . The CAM region experiences two distinct seasons: a wet season from May through October and a dry season from November through April (Portig 1965) . The region also presents a bimodal annual cycle of precipitation (Magaña et al. 1999) with the first PRCP peak in June, a decrease in July and August and the second peak in September or October as depicted (Fig. 4) by the GPCC and CMAP data. Figure 4 clearly shows that the GCM and the RCM have successfully captured the shape of the annual cycle of PRCP but not the magnitude. Compared to the CMAP and GPCC data, the GCM has underestimated precipitation in all months whereas the RCM is closer to the observed data, but is mostly drier in the wet-season months and wetter in the dry-season months. Due to strong seasonality of precipitation in the region, the mean climate setting and the model evaluation are discussed for wet and dry seasons separately.
Wet season mean climate
The Central American landmass is surrounded by the second-largest body of warm waters called the Western Hemisphere warm pool (WHWP) that covers the eastern tropical Pacific, the Gulf of Mexico, the Caribbean Sea, and the western tropical North Atlantic (Wang and Enfield 2001) . The seasonal cycle of sea surface temperatures in this region affects the annual cycle of precipitation, convective activity and storm development (Wang and Fiedler 2006) . In boreal summer, SSTs in the WHWP are greater than 28.5°C resulting in intense convection and precipitation (Wang and Lee 2007) . Regions receiving copious amounts of precipitation in summer, within the model domain, are the ITCZ in the eastern Pacific and regions of the Intra-American Seas (IAS). The ITCZ related band of precipitation is clearly seen (Fig. 5a ) in the Pacific, spanning latitudes between 6°and 15°N in the CMAP data. Precipitation patterns over the Central American landmass are closely related to those over the surrounding oceans (Portig 1965) but are more complex as a result of topography (Fig. 5a,b) . These spatial features of precipitation are well simulated by the GCM (Fig. 5c ) as well as the RCM (Fig. 5d ). The ITCZ is associated with an area of low mean sea level pressure (MSLP) controlled by solar heating, whereas the IAS region is dominated by the North Atlantic subtropical high (NASH) pressure system variability. The resultant surface winds in the IAS region are predominantly easterlies, whereas they are south-westerly in the Pacific, resulting in the convergence of surface winds over Central America ( Fig. 5d ) leading to wet conditions. In the IAS region, wind direction changes only slightly as the summer progresses. Winds in the Gulf of Mexico are mostly south-easterly or easterly and winds in the Caribbean are generally easterly, both responding to movement and intensity of the Atlantic subtropical high. Winds in the Caribbean Sea reaching the coast of Costa Rica and Panama remain north-easterlies through the year. Circulation over the Pacific and parts of Central America is controlled by the movement of the ITCZ through the seasonal cycle.
Dry season mean climate
Central America experiences a dry season from November to April (Portig 1965) . The decrease in precipitation during this period (Fig. 5e ,f) is a result of the ITCZ reaching its southernmost position, a decrease in SSTs in the eastern Pacific and the IAS to values lower than 28°C (Wang and Lee 2007) , and an increase in trade winds strength. As a result, no major convective activity occurs in most of the WHWP region. Highest values of precipitation (6-10 mm/ day) in the eastern Pacific between 5°and 10°N are a result of the convergence of low-level winds. In the Caribbean warm pool, organized convective activity is barely observed, due mainly to strong vertical shear. This spatial pattern of PRCP is well captured by the GCM (Fig. 5g ) and the RCM (Fig. 5h) . The trades reach their maximum speed in winter in the Caribbean Sea. Due to their uplift and condensation along the mountain slopes in Central America, wet conditions prevail on the Caribbean side in winter (Fig. 5h) . The Pacific slopes, however, remain dry in winter due to the rain-shadow effect.
Precipitation bias
The precipitation bias is expressed here as percentage bias relative to the observed data. A large fraction of the RCM bias can be explained by simulation uncertainties in the GCM. Therefore, we discuss RCM as well as GCM precipitation biases here. The GCM underestimates precipitation in the Pacific compared to CMAP in the wet season (Fig. 6a) . The RCM shows improvements in its PRCP simulation over the Pacific. In the Caribbean Sea and the Gulf of Mexico, the GCM and RCM biases relative to CMAP data have comparable magnitude in both seasons.
In general, the GCM precipitation bias relative to CMAP data is larger over land than that over the oceans in both seasons (Fig. 6a,e) . The spatial pattern of GCM precipitation bias over land relative to GPCC is similar to that relative to the CMAP data in both wet and dry seasons (Fig. 6c,g ). The RCM precipitation bias relative to the GPCC data shows, in general, a dry bias in the wet season and wet bias in the dry season. Additionally, the visual inspection of Fig. 6 suggests that the RCM overestimates precipitation in regions that are relatively dry (Mexico) and underestimates precipitation regions that are wet throughout the year (the Caribbean slopes of Central America). The GCM is very dry compared to GPCC and CMAP over Costa Rica where the RCM has small (positive as well as negative) PRCP biases. The mean seasonal GCM biases relative to GPCC for the model domain are -30% and 21% for the wet and dry seasons respectively. The RCM bias relative to GPCC is smaller in the wet season (0.9%) and larger in the dry season (63%) compared to the GCM. It is important to note that a large percentage bias in the dry season in the RCM could result from a small absolute bias due to the meager amount of PRCP received in most of the region in this season.
Comparison between the RCM and the GCM and observed data shown in Fig. 5 suggests that the RCM exhibits greater skill than the coarse resolution model (GCM) at capturing fine scale spatial patterns of precipitation due to improved horizontal resolution and better representation of topography-induced variations. This structure is particularly evident from the mountains in Guatemala to Costa Rica. It is important to note that the annual cycle of PRCP varies greatly across the region and the one illustrated in Fig. 4 is not representative of the entire region. Model validation for temperature and precipitation indicates that the model performance may vary with season and spatially across the model domain. Therefore, a regionalization technique was employed to divide the model domain into a number of coherent regions that experience different climates, and model performance and climate change projections were quantified separately for each of these regions.
Regionalization
A combination of Empirical Orthogonal Functions (EOF) analysis and cluster analysis is used to divide the region into various climate zones that are similar in terms of their temperature and precipitation characteristics. An EOF analysis was first performed on simulated mean annual SAT and PRCP to identify variability modes captured by the model. The first six EOFs (the factor loadings) of temperature explain about 80% of the total variance whereas the first 9 EOFs of precipitation explain about 70% of the total variance in the data (the EOFs are not shown). These fifteen variability modes were used as an input to the K-means clustering algorithm (MacQueen 1967 ) to divide the model domain into climatologically similar regions. The division of the model domain into six regions reasonably describes the principal climate zones in Mexico and Central America (Fig. 7) , although the choice of the number of clusters is arbitrary. The clusters distinguish between relatively cool and dry (regions 1, 2) and warm and wet (regions 5, 6) areas of the model domain. The presence of the CAM Cordillera is responsible for varied climates on the windward and leeward slopes and those are distinguished as climatologically different regions (regions 1, 3, 5 vs. 2, 4 and 6). Thus, the temperature and precipitation patterns modified by the topographic features determine six climate zones in Central America and Mexico. The performance of the GCM and the RCM seen in the spatial maps (Figs. 2, 4 , and 6) is quantified using probability density functions (PDFs) for six regions shown in Fig. 7 .
Surface air temperature PDFs
The modern-day distributions of mean monthly observed and simulated SATs for six regions are described using the Gaussian distribution (Fig. 8) . Thirty-year monthly data for all the grid-points within every region are used to compute the regional PDFs for wet and dry seasons separately. Model biases, computed by comparing mean and standard deviation of the observed (CRU) and simulated (GCM.BL, RCM.BL) PDFs, are tabulated in Table 2 . For both seasons, the modern-day mean monthly SATs increase and the distributions get narrower for regions from Mexico (1, 2) to southern Central America (regions 5, 6). Figure 8 shows that, in general, the mean SAT for the GCM.BL (thin gray) and the RCM.BL run (thin colored) are lower than the observed distribution (CRU; dashed gray) for all regions. The RCM SAT bias is smaller (by about a factor of 2) in the dry season compared to the wet season. The seasonal variability is also not fully captured by the RCM, and the distributions of the simulated SATs are narrower than the CRU SAT distributions. Note that region 5, which spans the Pacific slopes of Central America has low variability bias, whereas region 6 (the Atlantic side of the Cordillera) has the highest negative variability bias in both seasons.
Although, both the GCM and the RCM show modest SAT biases, it is not clear if the RCM improves SAT simulation in the region. The RCM SAT bias is smaller than that of the GCM in the dry season (except for region 1), whereas the case is exactly opposite in the wet season (except for region 6). Considering the coarse resolution of the GCM and uncertainties in the CRU data in mountainous regions, the performance of the RCM relative to the GCM is difficult to assess. Nonetheless, the GCM as well as RCM show moderate biases in both seasons in Mexico and Central America.
Precipitation PDFs
The probability distribution functions of precipitation describing the distribution of monthly precipitation totals around the mean and their variability are calculated using the gamma distribution, which is computed using two parameters: shape (a) and scale (b) parameter (Wilks 1995) . Parameter estimation is given as l = ab, r 2 = ab 2 , where l denotes the mean and r the standard deviation of the distribution. The observed (GPCC) and the model (GCM.BL, RCM. BL) PDFs are compared in Fig. 9 and the precipitation biases are tabulated in Table 3 for all six regions. In the wet season, the GCM severely underestimates (by more than 30%) PRCP in all six regions, which leads to underestimation of PRCP in the RCM as well (except for regions 2, 3). The RCM biases are, however, substantially smaller than the GCM biases suggesting that the high-resolution of the RCM improves PRCP simulation in this region. Precipitation variability biases described by the difference between the observed and simulated standard deviation are also smaller in the RCM compared to the GCM. In the dry season, Mexico and northern Central America (regions 1-4) show positively skewed PDFs and the GCM and RCM biases are positive and have comparable magnitudes. The RCM shows a notable improvement over the GCM in regions 5 and 6 (Pacific and Caribbean slopes of Nicaragua, Costa Rica, Panama), parts of which receive significant amount of moisture in the form of orographic PRCP in the dry season (Bruijnzeel and Proctor 1993) . The GCM has insufficient resolution to resolve the Cordillera of regions 5 and 6 and therefore fails to capture topographic-induced PRCP. Although, the relative bias is very large in the dry season, the absolute bias is fairly small (shown later). In general, the mean and variability of simulated PRCP matches well with observations in regions that are relatively dry within the model domain (regions 1 and 2 ). Both the precipitation mean and variability are underestimated in the other four regions.
Annual cycle
The PDFs give information about the model's ability to simulate mean monthly SAT and PRCP and their variability, but not about its ability to capture the annual cycle of these variables. The annual cycles of simulated and observed SATs and PRCP are calculated and compared for all six regions. Central America shows very small seasonal variations in SAT (not shown), a characteristic of regions in the tropics, whereas Mexico (regions 1 and 2) show fairly large seasonal variations in temperature as a result of continentality and orography. The annual cycle of surface air temperature for all six regions shows close agreement with the CRU data but also shows cold bias in the model noted earlier. The SAT annual cycles are not shown here due to simplicity of their nature.
Annual cycles of precipitation are more complex and show well-defined wet and dry seasons and present a bimodal precipitation cycle (Fig. 10) . The model domain (except for northwestern Mexico; region 1) experiences two precipitation maxima in a year. Northwestern Mexico (region 1) experiences North American Monsoon (Adams and Comrie 1997) showing a single precipitation peak around July. Overall, the GCM as well as the RCM are successful in capturing the shape of the PRCP annual cycle in all regions. The RCM is particularly successful in capturing the bimodal nature of the annual cycle and its variations in different parts of Central America. Precipitation cycles for regions on the Pacific and Atlantic slopes indeed show different bimodal features. Western Mexico (region 1) shows a single peak in precipitation in the summer and experiences very dry winters. The Pacific side of Central America (regions 3 and 5) has a bimodal PRCP cycle. Both June and September precipitation peaks are comparable for region 3 whereas the second peak is greater than the first PRCP peak in region 5. All regions on the Atlantic side (regions 2, 4, 6) show a bimodal precipitation cycle. The eastern part of Mexico and the Yucatan Peninsula show a clear MSD feature where the months of July-August experience around 25-30% decrease in precipitation compared to June and September/October. The second peak in precipitation in the eastern Mexico occurs earlier than southeastern Central America. It is noteworthy, in general, the Atlantic side receives more PRCP in the dry (Nov-Apr) season than the Pacific side due to orographic cloud formation. As shown in the spatial maps of PRCP biases (Fig. 6 ), summer precipitation is underestimated in almost all regions (except for region 2) by the RCM, but by a smaller amount compared to the GCM. The RCM shows that the early wet season months (May, Jun) have smaller biases compared to those later in the wet season (Aug, Sep). This underestimation of precipitation in late summer could be related to the model's inability to simulate convective storms realistically. Biases in monthly PRCP for all six regions show that although the bias is reduced in RCM simulation, it follows the GCM bias very closely suggesting that the bias in the RCM is driven mostly by that in the GCM. 
Caribbean low-level jet
One of the interesting circulation features over the Caribbean Sea is the easterly zonal winds observed in the lower troposphere known as the Caribbean low-level jet (CLLJ). Previous studies have shown that the CLLJ has a maximum of easterly zonal wind near 925 mb level (Amador 1998; Poveda and Mesa 1999; Amador 2008; Wang 2007) and it is a potential carrier of moisture to Central America, North America and also to the eastern Pacific (Duran-Quesada et al. 2010). Therefore, its influence on climate of the region needs to be investigated thoroughly. The Caribbean low-level jet is well simulated by the RCM in terms of its observed magnitude, position, and seasonal variations (i.e., the bimodal annual cycle) as described in previous studies (Wang 2007; Amador 2008) . We examined the characteristics of the simulated CLLJ for Jan-Feb and Jun-Jul, periods when the CLLJ reaches its maximum values and also has different flow configurations. In winter, the CLLJ as simulated by the RCM is strong (*15 m/s at 925 mb), splits into two parts (Fig. 11a) , and is vertically extended up to about 750 mb (Fig. 11b) . In summer, the RCM shows the jet speeds up to 12 m/s at 925 mb that pass over the Caribbean Sea towards the Gulf of Mexico (Fig. 11c) and that vertically extend up to about 700 mb (Fig. 11d) . These features match well with observations presented by Amador (2008) and Wang (2007) .
Orographic cloud formation
Moisture carried by the CLLJ during the dry season is a crucial hydrological source to forests of Central America. Cloud forests in the region are immersed in persistent cloud cover at the vegetation level resulting from orographic uplift of the moisture-laden trade winds. This, so called, ''horizontal precipitation'' is greater than that from vertical rainfall events in some systems and accounts for a significant amount of the total precipitation in these regions in the dry season (Bruijnzeel and Proctor 1993; Clark et al. 1999 ) and changes in this amount in the future may significantly affect vegetation and species living on the mountains. The RCM provides information about convective precipitation in addition to the total precipitation amounts. Therefore, the fraction of non-convection precipitation (stratiform/frontal, orographic etc.) is determined by subtracting convective PRCP from the total PRCP amounts. The present-day non-convective PRCP fraction in Jan-Feb (Fig. 12a) , when the CLLJ is at its maximum strength, seems to be of orographic origin since its spatial pattern shows high values along the windward and highelevation leeward slopes of Central America and Mexico. In the RCM, the windward slopes of the American Cordillera from south-eastern Mexico to Panama receive over 70% non-convective PRCP in Jan-Feb. The 30 year mean fractional cloud cover as simulated by the RCM and GCM for Jan-Feb is shown in Fig. 12b and c, respectively. Highresolution of the RCM results in heterogeneous spatial pattern of cloud cover over land compared to that from the GCM. For example, the region of Costa Rica shows higher fractional cloud cover in the RCM compared to the GCM. As a result, the dry season precipitation bias is reduced in the RCM in these regions (regions 5 and 6; see Table 3 ). Underestimation of precipitation along the leeward slopes (region 5) and overestimation along the windward slopes (region 6) is also detected in a PRECIS study over South America (Urrutia and Vuille 2009; Buytaert et al. 2010) and other RCM studies as well (Caldwell et al. 2009; da Rocha et al. 2009 ).
El Niño Southern Oscillation (ENSO) and Central America
The dominant factor affecting the interannual variations of the Central American climate is variability in the surrounding oceans. In particular, climate variability in the eastern and central Pacific has a near-simultaneous effect on Central American temperature and precipitation (Enfield and Mayer 1997; Enfield and Elfaro 1999) . El Niño Southern Oscillation (ENSO), which is the dominant mode of SST and atmospheric variability in the Pacific, is the main forcing mechanism of climate variability in Central America (Giannini et al. 2000 (Giannini et al. , 2001 Waylen et al. 1996 ). An EOF analysis of the mean annual SATs over land in Central America produces variability modes that do show the influence of the neighboring oceans. The first, third and fourth SAT modes are associated with the sea surface temperature variability in the Pacific, the Gulf of Mexico and the Caribbean Sea respectively. The first mode explains 36% of the total interannual variability of the land Table 2 Model bias in the mean (l) and variability (r; standard deviation) of seasonal SAT relative to the CRU data for six regions defined in Fig SATs in the region (Fig. 13a) . Its corresponding principal component (Fig. 13b ) time series correlates strongly (r = 0.8; significant at the 95% level) with the ENSO index (3.4 region) time series. The spatial pattern of the first mode has high loadings all across Central America (Fig. 13a) illustrating the strong effect of the ENSO variability on Central American SATs. The maximum impact of the Pacific SST variability is felt on the Pacific slopes of the Cordillera as represented by the highest loading values in that region. This was one of the modes used as an input to the cluster analysis. We note that since the baseline experiment uses observed SST as a surface boundary condition, its effect on the land SATs is realistically simulated by the model for the present-day simulation.
5 Temperature response to climate change
Surface air temperature response
The Central American surface air temperature follows incoming short-wave radiation and shows homogeneous variations in the annual cycle. The annual range of SATs, however, is small and is far exceeded by the diurnal cycle (Hasternath 1991) . At a regional scale, the annual cycle of SAT as well as its interannual variability is greatly influenced by the surrounding oceans. On both the interannual and decadal timescales, the eastern Pacific and the Atlantic SST variability has a clear influence on the SATs in Central America (Alfaro 2002) , which occurs via interactions with the overlying troposphere (Mestas-Nuñez and Enfield 2001). In particular, Central America has a strong climate association with the ENSO region of the eastern equatorial Pacific (Enfield 1996; Giannini et al. 2001) , in which warm (cold) SST events are correlated with warm (cold) SAT anomalies. Therefore, the study of future change in the surface air temperature should entail, along with looking at the mean change, an examination of changes in the annual cycle of warming and in the interannual variability. First, the change in SATs between the SRES A2 and the baseline experiment (30 year means) is presented here. The RCM simulation for the SRES A2 scenario shows significant warming over Mexico and Central America. Mean seasonal warming over land is higher in the wet season (4.1°C) than that in the dry season (3.5°C). Warming over land in Mexico and Central America (Fig. 14) ranges from 1.4°to 6.5°C in the wet season and from 1.7°to 5.2°C in the dry season for individual grid-points. The higher wet season warming is likely associated with a large projected decrease in precipitation (discussed later), which results in a decrease in cloud cover and an increase in the sensible heat flux from the surface. Although, warming is higher in the summer months, there is no significant change in the shape of the SAT annual cycle under the SRES A2 scenario (not shown).
The change in the surface air temperature mean and its variability is quantified using the probability density functions. The present day (BL) and future (A2) SAT distributions for the GCM and the RCM for six regions are shown in Figure 8 and the projected changes in the mean and the width (2r) of the distributions for the RCM are tabulated in Table 4 . Largest increase in SAT within the model domain is seen for the Yucatan Peninsula (region 4) where warming is 4.7°C for the wet season and 3.9°C for the dry season. The Caribbean coast of Costa Rica and Panama (region 6) shows lowest warming within the model domain in both seasons. An increase in the width of the distribution during the wet season is projected to be high (60-80% increase) in Central America (regions from 3 to 6). The dry season will experience a modest increase in the width of all six distributions, increasing equatorward. A large increase in SAT variability in regions along the Pacific side of Costa Rica could be associated with the Fig. 7 . Results from the RCM baseline (RCM.BL; thin colored) and GCM baseline (GCM.BL; thin gray) simulations are compared with the GPCC data (dashed). The figure also shows PRCP annual cycles under the A2 scenario for the RCM (RCM.A2; thick colored) and the GCM (GCM.A2; thick gray) Table 3 Model bias in the mean (l) and variability (r; standard deviation) of seasonal PRCP relative to the GPCC data for six regions defined in Fig. 7 Wet season Dry season large SST increase in the eastern equatorial Pacific. It is important to note that the future SAT distributions lie almost completely outside the present-day distributions for regions (3-6) in Central America. This shows that the projected lowest SATs in the future are lower than presentday highest temperatures in these regions.
Free air temperature response
Future warming is expected to be amplified with elevation in the lower troposphere, which has significant implications for the mountainous regions of the world (Bradley et al. 2004 (Bradley et al. , 2006 . In fact, mountain regions throughout the world have experienced large upward shifts in freezing levels in recent decades (Diaz et al. 2003; Vuille and Bradley 2000) . Climate models consistently show tropospheric amplification of surface warming in response to well-mixed greenhouse gases (Santer et al. 1996; Hansen et al. 2002; Tett et al. 2002) . Maximum warming in these models occurs in the middle and upper troposphere. Observations of tropospheric temperatures corroborate these results. Santer et al. (2005 Santer et al. ( , 2008 have demonstrated that the tropospheric temperature change can be seen in satellite-and radiosonde-based measurements. The increase in water vapor and the associated increase in latent heat release during condensation seems to be a cause of this warming aloft. The projected change in tropospheric mean annual temperature as simulated by the RCM for a transect along the Central American Cordillera is Warming increases from about 3°C at the surface to over 5°C in the upper troposphere. Latitudes southward of 10°S have Andean peaks over 4,000 m, which will likely experience warming of about 4.5°C. Central America, where model elevation reaches about 3,000 m is likely to experience warming of about 4°C in both seasons. These projections are consistent with those discussed in Bradley et al. (2004) and Hansen et al. (2002) .
6 Hydrological response to climate change
Precipitation response
The modern-day wet and dry season precipitation climatologies as simulated by the GCM and the RCM are discussed in Sect. 3.2 and are depicted in Fig. 5 . Projected changes in these precipitation patterns under the SRES A2 scenario are shown in Fig. 16 . Similar to the case of model validation (Sect. 3), the PDFs are used here to quantify projected changes in the mean (l) and variability (2r) of the distribution of seasonal precipitation. The modern-day and future scenario PDFs for six regions (Fig. 7) for the GCM and RCM are shown in Fig. 9 and changes projected by the RCM are tabulated in Table 5 . The difference between the RCM.A2 and baseline wet season climatology (Fig. 16a) shows both increases and decreases in mean precipitation in the region. The IAS region, central American landmass, and the eastern Pacific warm pool region are projected to experience a reduction in precipitation under the future scenario. A southward shift in the position of the ITCZ in the Pacific and an increase in the ITCZ precipitation is also noted in the future scenario simulations. Due to this southward shift of the ITCZ band, the region along the coast of Central America will experience a decrease in precipitation in the wet season, which, in general, is associated with an increase in the MSLP in the Caribbean. A large decrease in precipitation can be seen in the wet season over land in most of Mexico and the CAM region. Large decreases are predicted for eastern Mexico (region 2; -29.5%), and southern Mexico and the Yucatan Peninsula (region 4; -39%). Central American regions along the Pacific coast (regions 3 and 5) are projected to experience a decrease in rainfall by about 16 and 25% respectively relative to modern-day values. Projected changes in the widths of the PDFs suggest a decrease in the wet season precipitation variability in most of Central America and Mexico. Regions along the Caribbean coast of Central America (4,6) show large decreases in precipitation variability compared to other regions.
The difference between mean dry season climatology of the baseline and SRES A2 runs (Fig. 16b) shows both small increases and decreases in precipitation in the region. The Caribbean Sea and the Central American landmass are projected to receive less precipitation in the future scenario than the modern-day values in the dry season. This decrease in precipitation is accompanied by a decrease in MSLP in the Caribbean Sea. The dry season PDFs for regions on the Pacific side (1, 3, and 5) are positively skewed in comparison to Caribbean regions (2, 4, 6) suggesting less PRCP on the Pacific side than the Caribbean side (Fig. 7) . This is a result of orographic uplift of northeasterly/easterly trade winds as they encounter the Cordillera resulting in orographic PRCP along the Caribbean slopes of the region. The dry season mean precipitation is not only higher for regions on the Caribbean side but also increases as one moves southward from Mexico to Panama. The largest decrease in PRCP in the dry season is predicted on the Pacific (region 5; -14%) and the Caribbean (region 6; -24%) slopes of Costa Rica and Panama. A decrease in precipitation variability is also large (-16 and -21%) for these regions. The projected changes for other regions are not statistically significant. Annual cycles of precipitation for six regions for the baseline and scenario runs are depicted in Fig. 10 and projected changes in the annual cycle of precipitation under the SRES A2 scenario are shown in Fig. 17 . Maximum reduction in precipitation is experienced during the wet season in all regions, except for region 6, which shows largest reduction during the dry season months. Figure 10 suggest no substantial change in the shape of the annual cycle in most of Central America and Mexico except for regions 1 and 6. The future annual cycle of PRCP in western Mexico (region 1) has two peaks under the A2 scenario. On the Atlantic side of Costa Rica and Panama (region 6), there is a clear change in the shape of the annual cycle where the bimodal structure disappears in the simulation of future conditions. An examination of the change in the length of the wet or dry seasons would require daily PRCP data, which were unavailable in this case.
Humidity and the Caribbean low-level jet
Changes in precipitation are closely linked to changes in atmospheric humidity, soil moisture, evaporation, cloud cover, outgoing longwave radiation among other parameters. The spatial pattern of change in the cloud cover and the outgoing longwave radiation resemble the spatial pattern of change in precipitation in both seasons where a decrease (increase) in precipitation is related to a decrease (increase) in cloud cover and an increase (decrease) in the longwave radiation. A decrease in soil moisture predicted by the RCM under the A2 scenario mimics the projected change in precipitation and therefore not shown here. The specific humidity at 1.5 m (SHUM) and relative humidity at 1.5 m (RHUM) show coherent changes in their annual cycles in the future (Fig. 17) . Column mean specific humidity (SHCM) over Central America increases under the SRES A2 scenario over the entire model domain in both seasons. Most of the moisture increase is in the lower troposphere from the surface to about 500 mb level. The spatial pattern of increase in the SHCM does not resemble the spatial pattern of change in evaporation (not shown), particularly over the Gulf of Mexico and the Caribbean Sea. This suggests that moisture advection by trade winds, by the Caribbean Low-Level Jet in particular, from the tropical Atlantic is necessary to explain the SHCM increase. The RCM successfully simulated the position, (Muñoz et al. 2008; Wang 2007; Wang and Lee 2007) . Under the A2 scenario, a strengthening of the NASH results in an increase in the intensity of the CLLJ during the wet season. The CLLJ is stronger during the wet season by about 2 m/s (about 15% increase; Fig. 18a ) whereas the dry season experiences very little or no change. The change in the annual cycle of specific humidity at 925 mb shows ( Fig. 18b ) a near constant increase in the amount of moisture throughout the year in the scenario run. Due to an increase in both the CLLJ speed and specific humidity at 925 mb, the moisture transport into the Central American region through the Caribbean Sea is predicted to increase in the future (Fig. 18c) . It is important to note that, most of Central America will experience drier conditions in spite of this increase in the moisture reaching the region in the future.
Conclusions and discussion
A number of methods are used to evaluate the RCM's skill in simulating surface air temperature and precipitation. A combination of the EOF analysis and cluster analysis on RCM temperature and precipitation data produced clusters that resemble large scale climate regimes observed in Mexico and Central America. These clusters were used to quantify model biases for different regions within the model domain. In the case of surface air temperature, the RCM shows a cold bias with respect to CRU (that increases with elevation) and a warm bias with respect to the NARR data. Lapse rate calculations for a variety of data sets including the GHCN and WorldClim station data suggest that although CRU has a warm bias at high elevations, it does not fully explain the cold bias seen in the RCM. The model lapse rate for high elevations (greater than 1000 m considered here) is steeper than all the comparison data sets suggesting that the model indeed has a cold bias. One of the candidates for the systematic cold bias in PRECIS could be the driving GCM. The third generation Hadley Centre atmospheric model (HadAM3), which provides boundary conditions for PRECIS has been tested thoroughly for its performance (Pope et al. 2000) . HadAM3 results compare well with the observed mean climate and Gates et al. 1999 ). In the tropics, HadAM3 performs better than the AMIP ensemble mean throughout the troposphere. Overall, HadAM3 has been shown to produce a good simulation of the presentday climate when forced with observed sea surface temperatures (Pope et al. 2000) , which is how it is employed in the validation phase of this study. Nevertheless, a cold bias at all tropospheric levels in the tropics is detected in HadAM3 simulations (Pope et al. 2000) . There is also a dry bias in the tropical middle troposphere that could result in cold bias in temperature at those levels. Earlier PRECIS studies (Urrutia and Vuille 2009; Akhtar et al. 2008 ) driven by HadAM3 boundary conditions notice an increased cold bias at higher elevations in other parts of the world. The elevation dependency of the model bias might be due to inconsistencies in the CRU data set at high elevation gridpoints. New et al. (1999 New et al. ( , 2000 conclude that SAT uncertainties are largest over areas with poor station coverage and high spatial variability. They note that stations at higher elevations may show warm bias due to the dominance of stations at lower elevations, which is true for CRU SAT data in Mexico and Central America. Model cold bias is, however, not constant across the region and seasons. The bias is higher in the wet season and lower in the dry season. The cold bias is particularly high in the highlands of Mexico where precipitation is overestimated in the wet season. Excess precipitation in the region may result in anomalously wet soils, which would lead to low sensible heat flux and therefore lower surface temperatures. But a similar mechanism can not explain the cold bias in Central America, which occurs in spite of simulated precipitation being severely underestimated in this region.
Although there are considerable differences in the precipitation amounts between the model and observations, the RCM successfully captured various precipitation patterns in the CAM region and showed improvements over the GCM. The RCM amounts are smaller (larger) than GPCC precipitation in the wet (dry) season. A dry precipitation bias in the wet season and a wet bias in the dry season indicate that the RCM does not fully capture precipitation variability in the region. The current suite of coupled global climate models (PCMDI models) do have difficulties in realistically simulating regional precipitation patterns and their temporal variations (Dai 2006) . Most global climate models underestimate precipitation in Central America (Rauscher et al. 2008 ) partly due to underestimation of SSTs and coarse horizontal resolution. The driving GCM, HadAM3P, severely underestimates precipitation in the wet season as well. It has been shown that the Hadley Centre global model, HadCM3 underestimated cloud cover over most of the globe, especially over lowlatitude oceans (Martin et al. 2004) , which resulted in underestimation of precipitation. The RCM shows dry bias mainly in the late wet season when some fraction of total precipitation comes from tropical cyclones (Rodgers et al. 2001; Jian and Zipser 2010) . The model's inability to simulate cyclones realistically may explain a part of the dry bias seen in the late wet season. But, the daily model output is unavailable to test this claim. In general, models tend to overestimate the frequency of light precipitation and underestimate the intensity of heavy precipitation over land (Mearns et al. 1995; Seth et al. 2004 ) that could result in the PDFs of simulated PRCP seen here. Despite the difficulties in simulating PRCP amounts correctly, the regional model certainly shows improvements over the predictions by the GCMs in the PCMDI data sets presented by Rauscher et al. (2008) . The bimodal nature of the annual cycle of precipitation is one of the unique features of this region and is well captured by the RCM. The structure and variations in the Caribbean low-level jet are also well simulated by the regional model. The SAT variability in Central America is tightly coupled to the ENSO variations in the eastern equatorial Pacific and the interannual variability of simulated annual SAT is strongly correlated with the Pacific SST in most of Central America since the baseline run is driven by the observed SST.
The IPCC models projected global temperature increase of 3.4°C at the end of the 21st century under the SRES A2 scenario . The RCM projected warming in this study for Mexico and Central America is greater than the global temperature increase. Warming in the wet season (over 4°C) is higher than that in the dry season (3-4°C) in most of Central America except for the Caribbean coasts of Costa Rica and Panama. The Yucatan Peninsula shows maximum warming within the model domain in both wet (4.7°C) and dry (3.9°C) seasons. In the highlands of Nicaragua and Costa Rica, the future SAT distributions lie completely outside the present-day distributions, which shows that warmest temperatures in the baseline run are lower than the coldest temperatures in the scenario run. In addition to warming, the RCM also predicts an increase in the variability of land SATs in the region, which could be due to increased SST variability in the equatorial Pacific. An increase in the atmospheric water vapor in the future and the associated increase in the latent heat release results in a decreased moist-adiabatic lapse rate and a higher increase in temperatures in the free troposphere (Santer et al. 2005 (Santer et al. , 2008 . Amplified warming at higher elevation seen in PRECIS simulations and noted in the previous studies (Bradley et al. 2004; Karmalkar et al. 2008 ) and related precipitation changes may have serious consequences for ecosystems in the area.
The ENSO has a near-simultaneous effect on Central American temperature and precipitation. In general, during the warm (cold) phase of the ENSO, positive (negative) SAT anomalies and negative (positive) PRCP anomalies are observed all across Central America. With the help of an EOF analysis, it was shown that climate of the Pacific slopes of Central America is linked strongly to the ENSO variations in the eastern equatorial Pacific. Furthermore, Pounds et al. (1999) demonstrated that the dry-season mist frequency, a crucial source of water in the cloud forests of Costa Rica, is negatively correlated to SSTs in the equatorial Pacific and has declined dramatically with an increase in the SSTs since the mid-1970s affecting amphibian populations. Warming of the Pacific SSTs in the SRES A2 scenario is over 3°C, which is far greater than the present-day positive anomalies (about 1°C) during the warm phase of ENSO. Besides, the drying pattern in most of Central America under the A2 scenario is very similar to the dry anomalies observed during the El Niño events (Neelin et al. 2003) , which leads us to speculate that present-day El Niño-like conditions might be the norm in the future. The current suite of climate models do face difficulty in simulating ENSO (AchutaRao and Sperber 2006; Davey et al. 2002) and therefore disagree on its future behavior. Nonetheless, considering impacts of present-day warm anomalies on Central America, future warming of 3-4°C and changes in magnitude and variability of precipitation may pose a serious threat to biodiversity, water resources and related socio-economic sectors in Mexico and Central America.
To our knowledge, there have been very few studies focusing on climate change in Mexico and Central America. Results presented here are based on one set of GCM-RCM experiment and should be further improved using multiple GCM-RCM configurations. PRECIS can now be driven by a number of reanalysis products and the ECHAM GCM (in addition to HadAM3P), which are required to fully understand the origin of PRECIS biases. Projections from ensemble of RCMs will also help us gain confidence in regional climate change projections presented in this study. In future studies, daily data should be used in order to fully understand the utility of a regional model over coarse resolution GCMs and to study changes in climate extremes under the future scenario. Nonetheless, this study demonstrates the importance of using dynamical downscaling technique and highlights the difficulty of validating climate model in climate change studies in regions of high relief.
